Objective There is increasing interest in using electronic health records (EHRs) to identify subjects for genomic association studies, due in part to the availability of large amounts of clinical data and the expected cost efficiencies of subject identification. We describe the construction and validation of an EHR-based algorithm to identify subjects with age-related cataracts. Materials and methods We used a multi-modal strategy consisting of structured database querying, natural language processing on free-text documents, and optical character recognition on scanned clinical images to identify cataract subjects and related cataract attributes. Extensive validation on 3657 subjects compared the multi-modal results to manual chart review. The algorithm was also implemented at participating electronic MEdical Records and GEnomics (eMERGE) institutions. Results An EHR-based cataract phenotyping algorithm was successfully developed and validated, resulting in positive predictive values (PPVs) >95%. The multi-modal approach increased the identification of cataract subject attributes by a factor of three compared to single-mode approaches while maintaining high PPV. Components of the cataract algorithm were successfully deployed at three other institutions with similar accuracy. Discussion A multi-modal strategy incorporating optical character recognition and natural language processing may increase the number of cases identified while maintaining similar PPVs. Such algorithms, however, require that the needed information be embedded within clinical documents. Conclusion We have demonstrated that algorithms to identify and characterize cataracts can be developed utilizing data collected via the EHR. These algorithms provide a high level of accuracy even when implemented across multiple EHRs and institutional boundaries.
INTRODUCTION
There is a growing interest in utilizing the electronic health record (EHR) to identify clinical populations for genome-wide association studies (GWAS) 1e3 and pharmacogenomics research. This interest results, in part, from the availability of extensive clinical data found within the EHR and the expected cost efficiencies that can result when using computing technology. As in all research that attempts to identify and quantify relationships between exposures and outcomes, rigorous characterization of study subjects is essential and often challenging. 7 8 Marshfield Clinic is one of five institutions participating in the electronic MEdical Records and GEnomics (eMERGE) Network. 1 4 9 One of the goals of eMERGE is to demonstrate the viability of using EHR systems as a resource for selecting subjects for GWAS. Marshfield's GWAS focused on identifying genetic markers that predispose subjects to the development of age-related cataracts. Cataract subtypes and severity are also important attributes to consider, and possibly bear different genetic signatures. 10 Often, clinically relevant information on conditions such as cataracts is buried within clinical notes or in scanned, handwritten documents created during office visits, making this information difficult to extract.
Cataracts are the leading cause of blindness in the world, 11 the leading cause of vision loss in the USA, 12 and account for approximately 60% of Medicare costs related to vision. 13 Prevalence estimates indicate that 17.2% of Americans residing in the USA aged 40 years and older have a cataract in at least one eye, and 5.1% have a pseudophakia/ aphakia (previous cataract surgery).
14 Age is the primary risk factor for cataracts. With increasing life expectancy, the number of cataract cases and cataract surgeries is expected to increase dramatically unless primary prevention strategies can be developed and successfully implemented.
In this paper, we describe the construction and validation of a novel algorithm that combines multiple techniques and heuristics to identify subjects with age-related cataracts and the associated cataract attributes using only information available in the EHR. We also describe our current multi-modal phenotyping strategy that combines conventional data mining (CDM) with natural language processing (NLP) and optical character recognition (OCR) to increase the detection of subjects with cataract subtypes and optimize the phenotyping algorithm accuracy for case detection. The use of NLP and OCR methods was influenced by previous work that has shown great success in pulling concepts and information from textual and image documents. 15e17 We were able to quantify the accuracy and recall of the multi-modal phenotyping components. Finally, this algorithm was implemented at four other eMERGE institutions, thereby validating the transportability of the algorithm.
BACKGROUND AND SIGNIFICANCE
EHR-based phenotyping is a process that uses computerized analysis to identify subjects with particular traits as captured in an EHR. This process provides the efficiency of utilizing existing clinical data but also introduces obstacles, since those data were collected primarily for patient care rather than research purposes. Previously described EHR data issues include a lack of standardized data entered by clinicians, inadequate capture of absence of disease, and wide variability among patients with respect to data availability (this availability itself may be related to the patient's health status). 3 18 Careful phenotyping is critical to the validity of subsequent genomic analyses, 7 and a source of great challenge due to the variety of phenotyping options and approaches that can be employed with the same data. 8 Previous investigators have demonstrated successful use of billing codes and NLP for biomedical research.
19e23 Most often, the focus in the informatics domain is on the application and evaluation of one specific technique in the context of a disease or domain, with a goal of establishing that technique's utility and performance. For example, Savova et al 23 24 evaluated the performance of the clinical Text Analysis and Knowledge Extraction System (cTAKES) 24 for the discovery of peripheral arterial disease cases from radiology notes. Peissig et al 24a evaluated the results of FreePharma (Language and Computing, Inc., http://www.landcglobal.com/) for the construction of atorvastatin doseeresponse.
Existing research has also demonstrated the ability to use multiple techniques as part of the implementation of a phenotyping algorithm, 22 but few have attempted to quantify the benefits of a multi-modal approach (CDM, NLP, and OCR). Those that have were able to demonstrate the benefits of two approaches (commonly coded data in conjunction with NLP) over a single approach that was limited to a single domain. 22 25 Although the use of multiple modes for phenotyping is practical, no known work has explored beyond a bimodal approach. The research presented here demonstrates the ability to implement a tri-modal phenotyping algorithm including quantification of the performance of the algorithm as additional modes are implemented.
METHODS

Marshfield's study population
The Personalized Medicine Research Project (PMRP), 26 27 sponsored by Marshfield Clinic, is one of the largest population-based biobanks in the USA. The PMRP cohort consists of approximately 20 000 consented individuals who provided DNA, plasma, and serum samples along with access to health information from the EHR and questionnaire data relating to health habits, diet, activity, environment, and family history of disease. Participants in this cohort generally receive most, if not all, of their primary, secondary, and tertiary care from the Marshfield Clinic system, which provides health services throughout Central and Northern Wisconsin. This study was approved by the Marshfield Clinic's Institutional Review Board.
Electronic medical record
Founded in 1916, Marshfield Clinic is one of the largest comprehensive medical systems in the nation. CattailsMD, an internally developed EHR at Marshfield Clinic, is the primary source of EHR data for this investigation. The EHR is deployed on wireless tablets and personal computers to over 13 000 users, including over 800 primary and specialty care physicians in both inpatient and outpatient healthcare settings. Medical events including diagnoses, procedures, medications, clinical notes, radiology, laboratory, and clinical observations, are captured for patients within this system. EHR-coded data are transferred daily to Marshfield Clinic's data warehouse (DW) and integrated with longitudinal patient data, currently providing a median of 23 years of diagnosis history for PMRP participants. In addition to the coded data, Marshfield has over 66 million electronic clinical narrative documents, notes, and images that are available back to 1988, with supporting paper clinical charts available back to 1916. Manual review of the electronic records (and clinical charts as needed) was used as the gold standard when validating the EHR-based algorithms.
Cataract code-based phenotyping
Cataract 'cases' were identified using an electronic algorithm that interrogated the EHR-coded data found within the DW (figure 1). A goal of the electronic algorithm development was to increase the number of subjects identified for the study (sensitivity), while maintaining a positive predictive value (PPV) of 95% or greater. Cases had to have at least one cataract Current Procedural Terminology (CPT) surgery code or multiple International Classification of Diseases (ICD-9-CM) cataract diagnostic codes. In cases where only one cataract diagnostic code existed for a subject, NLP and/or OCR were used to corroborate the diagnosis. Cataract 'controls' had to have an optical exam in the previous 5 years with no evidence of cataract surgery or a cataract diagnostic code or indication of a cataract when using either NLP and/or OCR. Since the focus of the eMERGE study was limited to age-related cataracts, subjects were excluded if they had any diagnostic code for congenital, traumatic, or juvenile cataract. We further restricted cases to be at least 50 years old at the time of either cataract surgery or first cataract diagnosis, and controls had to be at least 50 years old at their most recent optical exam.
Cataract subtype multi-modal phenotyping
A multi-modal phenotyping strategy was applied to the EHR data and documents to identify information pertaining to nuclear sclerotic, posterior sub-capsular, and cortical (N-P-C) cataract subtypes, severity (numeric grading scale), and eye. Over 3.5 million documents for the PMRP cohort were preprocessed using a pattern search mechanism for the term 'cataract.' The strategy (figure 2) consisted of three methods to identify additional cataract attributes: CDM using coded data found in the DW, NLP used on electronic text documents, and OCR used on scanned image documents. CDM was used to identify all subjects having a documented N-P-C subtype (ICD-9-CM codes 366.14e366.16).
Prior to using NLP to identify N-P-C subtypes, a domain expert was consulted regarding documentation practices surrounding cataracts, who determined that the term 'cataract' should always appear within a document for it to be considered relevant to the N-P-C subtypes. The reasoning behind this was to avoid any potential ambiguity when terms related to cataract subtype (ie, 'NS' as an abbreviation for 'nuclear sclerotic') appeared in a document with no further support related to a cataract. As all clinical documents were of interest, not just ones from ophthalmology, this rule enabled the application of a filter to the documents to be processed by NLP. The Medical Language Extraction and Encoding (MedLEE) NLP engine, 28 developed by Friedman and colleagues 29 at Columbia University, was tuned to the ophthalmology domain for this specific task to process documents from PMRP patients. MedLEE was chosen for its demonstrated performance in other studies 29 and also given the experience of one of the authors (JS) with MedLEE in previous studies.
30e33 While MedLEE was chosen for Marshfield's implementation, the multi-modal approach was created to be NLP engine-neutral, and other sites utilized the cTAKES 24 system.
The NLP engine tuning involved iterative changes to the underlying lexicon and rules based on a training corpus of 100 documents. MedLEE parses narrative text documents and outputs eXtensible Markup Language (XML) documents which associate clinical concepts with Unified Medical Language System (UMLS) Concept Unique Identifiers (CUIs) 34 with relevant status indicators, such as negation status. To identify general cataract concepts and specific cataract subtypes, we queried MedLEE's output for specific CUIs. Additional CUIs were used to determine in which eye the cataract was found. A regular expression pattern search was performed on MedLEE attributes to identify the severity of the cataract and the certainty of the information provided. Refer to figure 3 for an overview of the NLP process.
For subjects with no cataract subtype coded or detected through NLP processing, ophthalmology image documents were processed using an OCR pipeline developed by the study team. The software loaded images and encapsulated the Tesseract 35 and LEADTOOLS 36 OCR engines into a single pipeline that processed either digital or scanned images for detecting cataract attributes (figure 4). From each image an identification number and region of interest were extracted and stored in a Tagged Figure 2 Multi-modal cataract subtype processing. Overview of the information extraction strategy used in multi-modal phenotyping to identify nuclear sclerotic, posterior subcapsular, and/or cortical (N-P-C) cataract subtypes. This figure depicts the N-P-C subtype yield using two populations: (1) the left-most path of the figure denotes unique subject counts for the entire Personalized Medicine Research Project (PMRP) cohort; and (2) the right-most path denotes unique subject counts for the identified cataract cases. A hierarchical extraction approach was used to identify the N-P-C subtypes. If a subject had a cataract subtype identified by an ICD-9-CM code, natural language processing (NLP) or optical character recognition (OCR) was not utilized. Cataract subtypes identified using NLP had no subsequent OCR processing. EHR, electronic health record; EMR, electronic medical record; MedLEE, Medical Language Extraction and Encoding. Cases with Undetermined N-P-C subtypes (3,557)
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Image File Format (TIFF) image. The TIFF image was then passed through both OCR engines with the results being recorded independently. Neither the Tesseract nor LEADTOOLS engine was 100% accurate, and often both engines misclassified characters in the same way (ie, 't' instead of '+'). Regular expression processing was used to correct these misclassifications. The output from this process yielded a new string that was matched against a list of acceptable results. If after two iterations the string could not be matched, it was discarded. Otherwise, the result was loaded into a database, similar to the NLP results. Details of this process are the subject of another paper. 25 
Validation
All electronically identified potential surgical cataract cases were manually reviewed by a trained research coordinator who verified the presence or absence of a cataract by using the medical chart and supporting documentation. A board-certified ophthalmologist resolved questions surrounding classifications. In addition, stratified random samples were selected to validate potential cases with diagnoses but no surgery, potential controls, and each cataract attribute for the multi-modal approach.
Analysis
Validation results for the algorithms are summarized with standard statistical information retrieval metrics, sensitivity (or recall), specificity, PPV (or precision), and negative predictive value (NPV). 37 38 Sampling for the validation was stratified with different sampling fractions in different strata (eg, 100% of surgeries were reviewed). Accuracy and related statistics have been weighted based on the sampling fractions to reflect the test properties as estimated for the full PMRP cohort. Final cataract algorithm and overall cataract subtype 95% confidence interval statistics in tables 1 and 2 are based on 1000 bootstrap samples. 39 40 Cross-site algorithm implementation Group Health Research Institute/University of Washington (GH), Northwestern University (NU), and Vanderbilt University (VU) belong to the eMERGE consortium and are performing GWAS using EHR-based phenotyping algorithms to identify patients for research. The GWAS activities conducted by each institution had approval from their respective internal review boards. GH conducted GWAS on dementia; NU utilized type 2 diabetics for their GWAS; and VU conducted GWAS on determinants of normal cardiac conduction. 19 EHRs used Figure 3 Natural language processing of clinical narratives. Textual documents containing at least one reference of a cataract term were fed into the MedLEE NLP engine and then tagged with appropriate Unified Medical Language System (UMLS) Concept Unique Identifiers (CUIs) before being written to an eXtensible Markup Language (XML) formatted file. Post-processing consisted of identifying the relevant UMLS cataract CUIs and then writing them along with other patient and event identifying data to a file that was used in the phenotyping process. MedLEE, Medical Language Extraction and Encoding; NLP, natural language processing.
by these institutions included an in-house developed EHR (VU) and the vendors Epic and Cerner (GH and NU). The cataract algorithm (figure 1) was implemented at three additional sites. Due to lack of use of digital forms at the other institutions, only CDM using billing codes and NLP portions of the algorithm were implemented, with adjustments to some of the diagnostic and procedural codes representing inclusion or exclusion criteria.
RESULTS
The PMRP cohort consisted of 19 622 adult subjects as described previously. 41 The number of years of available EHR data for subjects within the PMRP cohort ranged from <1 year to 46 years, with a median of 23 years. Interrogating the coded DW identified 4835 subjects who had either a cataract surgery and/or a cataract diagnosis code. Of the 1800 subjects who had a cataract surgery code, 1790 subjects (99.4%), had a corresponding cataract diagnosis code recorded in the EHR.
We manually validated the cataract status and clinical attributes of 3657 subjects during the course of this study. The cataract phenotype validation results are shown in table 1. The final algorithm developed to identify cataract cases and controls is shown in figure 1 , with the full algorithm publically available at http://gwas.org. 1 We identified cases for eMERGE using the 'combined definition' from table 1. Controls had to meet the definition previously provided. This algorithm yielded 4309 cases with a PPV of 95.6% and 1326 controls with an NPV of 95.1%.
The multi-modal phenotyping strategy was used on all PMRP subject data to identify cataract subtype attributes ( figure 1) . Overall, 7315 of the 19 622 subjects (37%) had a cataract reference that triggered further NLP or OCR processing to identify the N-P-C subtypes. Of the 4309 subjects identified as cataract cases (figure 2), 2159 subjects (50.1%), had N-P-C subtypes identified using the multi-modal methods. Of these, CDM identified 752 unique subjects (34.8%), NLP recognized an additional 767 distinct subjects (35.5%), and OCR further added Figure 4 Optical character recognition utilizing electronic eye exam images. Image documents were processed using the LEADTOOLS and Tesseract OCR engines. A tagged image file format (TIFF) image was pasted through the engines with results being recorded independently. Common misclassifications were corrected using regular expressions, and final determinations were made regarding subtype and severity. OCR, optical character recognition. Shown are the multi-modal cataract subtype validation statistics. Statistics were calculated using two different approaches: (1) weighted based on the sampling strata, to reflect the properties as would be expected for the full PMRP cohort; and (2) based on the availability of relevant data. A multi-modal cataract subtyping strategy, consisting of CDM, NLP on electronic clinical narratives, and OCR utilizing eye exam images was used to electronically classify cataract subtypes. The electronic subtype classifications were then compared to manually abstracted subtype classifications to determine the accuracy of the multi-modal components. *Unique case counts. yYield represents total number of cataract subtypes identified. There may be up to two subtypes noted for each subject, but the subject will only be counted once. zStatistics are weighted based on sampling fractions to reflect the properties as would be expected for the full PMRP cohort.
xOn 4309 cases meeting cataract phenotype definition. {Weighted average using CDM, NLP, and OCR strategies to reflect the properties as would be expected for the full PMRP cohort.
**95% CI based on 1000 bootstrap samples. CDM, conventional data mining; NLP, natural language processing; NPV, negative predictive value; OCR, optical character recognition; PMRP, Personalized Medicine Research Project; PPV, positive predictive value.
640 unique subjects (29.6%) with N-P-C subtypes. Table 2 reports summary validation results for each of the N-P-C cataract subtypes with respect to the 4309 cases that were identified using the combined cataract algorithm (table 1) . We present statistics that are weighted to the full PMRP cohort based on the sampling fractions and statistics that are based on the available relevant data. For each group, all approaches (CDM, NLP, OCR) had high predictive values meeting our threshold guidelines. Combining all multi-modal strategies produced promising results and met our threshold for quality. Online supplementary appendix 1 presents detailed validation statistics for all cataract subtypes by all multi-modal methods for the weighted and relevant data sampling fractions. Figure 5 illustrates the overlap of data sources for classifying cases with the nuclear sclerotic (NS) cataract subtype, which is by far the most common. The NLP approach identified the majority, 1213 (65.6%) subjects with the subtype, OCR methods identified 813 (44%) subjects, and CDM identified 493 (26.7%) subjects. Figure 6 shows the contribution of multi-modal phenotyping in increasing the number of subjects with NS subtypes from 493 (11.6%) to 1849 (43.6%). In actual practice, the CDM approach would be used first to identify subtypes because it requires the least effort. The remaining documents would then be processed using NLP to identify more subtypes, and if there were subjects remaining, the OCR approach would be used to identify subtypes. In this study, OCR required the most effort to set up and train the OCR engine to gain subtype information. All of the methods had a high PPV, which was required.
Validation results for cataract severity and location are shown in table 3. There were no coded values for either cataract severity or location found in the EHR, so the only way to obtain that information was to rely solely on NLP or OCR. NLP identified cataract location (left or right eye) with high reliability in 53% of the subjects. The OCR yield presented in table 3 is low because only the remaining subjects who did not have NLP-identified locations were processed.
External validation
The other eMERGE institutions were able to contribute 1386 cases and 1360 controls to Marshfield's cataract GWAS study. GH did not explicitly validate CDM-based phenotype case and control definitions by manual chart review. Instead, a separate review using NLP-assisted chart abstraction methods was conducted for 118 subjects selected from the GH cohort of 1042 (931 cases and 111 controls) who had at least one chart note associated with a comprehensive eye exam in the EHR. All 118 (100%) were in the CDM-based eMERGE phenotype case group, and all had cataract diagnoses documented in their charts. Additionally, cataract type was recorded for 108 (92%) of the subjects. The remaining 10 (8%) did not specify cataract type at all or with insufficient detail to satisfy study criteria. Although the 118 charts reviewed for the cataract type analysis does not constitute a random sample for validation sample, the fact that 100% were in the cataract case group is reassuring. VU sampled and validated 50 cases and 42 controls that were electronically identified against classifications determined by a physician when reviewing the clinical notes. Results from this validation indicated a PPV of 96%.
DISCUSSION
The EHR represents a valuable resource for obtaining a longitudinal record of a patient's health and treatments through on-going interactions with a healthcare system. The health information obtained from those interactions can be stored in multiple formats within the EHR, which may vary between institutions and may present significant challenges when trying to retrieve and utilize the information for research. 3 This work demonstrates that electronic phenotyping using data derived from the EHR can be successfully deployed to characterize cataract cases and controls with a high degree of accuracy. It also demonstrates that a multi-modal phenotyping approach, which includes the use of CDM, NLP, and OCR, increases the number of subjects identified with N-P-C subtypes from 752 (17.5%) to 2159 (50.1%) of the available cataract cases. Multi-modal phenotyping increases the number of subjects with NS subtypes from 493 to 1849 (figure 6) while maintaining a high PPV.
These multi-modal methods can be applied to a variety of studies beyond the current one. In many clinical trials, the actual patients who are sought cannot be accurately identified by the presence of an ICD code. As a simple example, squamous and basal cell skin cancer can be billed using the same ICD code, yet have different pathophysiology, treatment, and prognosis. Efficiently identifying patients with one or the other diagnosis requires using text documents or scanned documents. Similarly, many studies include historical inclusion or exclusion criteria. Such historical data are poorly incorporated in standard codes, but are frequently noted in textual or scanned documents. The addition of multi-modal methods can improve the efficiency of both interventional and observational studies. These techniques can also be applied to quality and safety issues to identify adverse events or process failures. When used in these domains, the tools will need to be biased toward sensitivity, rather than toward specificity, as they were in this study.
A commonly repeated saying in the EHR phenotyping domain is that 'The absence of evidence is not evidence of absence' (Carl Sagan). In the case of this study, that could be due to cataract surgery at an outside institution or the presence of an early cataract that was not detected on routine examination. Therefore, in this and other phenotyping studies, it is critical to actively document the absence of the target phenotype when Figure 5 Nuclear sclerotic (NS) cataract subtype multi-modal approaches. Illustrates the overlap between multi-modal phenotyping approaches when phenotyping for NS cataract subtypes. The largest subtype yield comes from natural language processing (NLP) with NS being identified for 1213 unique subjects. This is followed by the optical character recognition (OCR) approach, which identified 813 unique subjects. Conventional data mining using diagnostic codes (CDM/Dx) identified NS subtypes in only 493 unique subjects.
defining the control group. In the case of this study, intraocular lenses that were placed during cataract surgery were observed and documented on clinical eye exams. Because we required everyone to have had an eye exam, we believe it is highly unlikely that our algorithm would miss any prior cataract surgeries, regardless of where they took place, when identifying controls.
An extensive validation comparison between the multi-modal results and manually abstracted results (considered the gold standard) has been presented. Although the validation statistics for the final electronic algorithms met our accuracy threshold (PPV $95%), the potential exists to improve the accuracy by modifying the algorithm to exclude additional misclassified subjects. For example, when classifying cataract cases, we chose the 'combined definition' (table 1) to maximize the yield of cases at the expense of lowering our accuracy threshold to a PPV of 95.6%, when compared to using only subjects having a cataract surgery (PPV of 100% and case yield of 1800; table 1). We could achieve 100% accuracy, albeit with small numbers (low sensitivity). However, excluding subjects to improve accuracy is something that would have to be discussed when conducting individual studies. Further, improvement in the statistics would have to be balanced against the possibility that the resulting cases would be less representative of the population of interest.
The portability of the cataract algorithm to other EHRs has also been demonstrated. Although EHRs differed between eMERGE institutions, basic information captured as part of patient care is similar across all of the institutions. 9 An important outcome of this study is the demonstrated performance of the cataract algorithm at three institutions with separate EHR systems using only structured billing codes. The cataract algorithm was validated at two other institutions with similarly high PPVs. We found that the ability to successfully identify N-P-C subtype information is improved with the availability of electronic textual and image documents. This work adds to other recent work from the eMERGE Network demonstrating the portability of an algorithm to identify primary hypothyroidism cases and controls using solely EHR-derived data.
One weakness of this study was the use of a single subject matter expert (SME) for the development of NLP and OCR tools. The recording of cataract information tends to be more uniform in the medical record than many other clinical conditions; therefore, the role of the SME was primarily to assist in identifying any coding or documentation nuances particular to ophthalmologists. However, multiple informatics/phenotyping experts, including at least one at each eMERGE institution, helped implement and refine the algorithm. The subsequent high accuracy of the NLP tool when applied to other institutions affirmed the consistency of documentation. Clinical domains with higher variability may require multiple SMEs.
A limitation of this study is that the multi-modal strategy was applied to a single clinical domain area. Although this study demonstrates the utility of this approach for cataracts, there may be other clinical domains where the multi-modal strategy may not be cost-effective or even possible. For example, if much of the domain information is in coded formats, the resource to implement a multi-modal algorithm would not justify the use of this strategy. There have been other studies that utilized Figure 6 Multi-modal yield and accuracy for the nuclear sclerotic (NS) cataract subtype. Illustrates a step-wise approach that was used to identify subjects with NS subtypes. We started with conventional data mining using ICD-9-CM diagnostic codes (CDM/Dx) because it required the least effort. Natural language processing (NLP) was applied to the remaining subjects if an NS subtype was not identified and optical character recognition (OCR) was used if the previous approaches did not yield a subtype. Out of a possible 4309 subjects having cataracts, 1849 had indication of an NS subtype. Both yield (represented by the number of unique subjects having an NS subtype) and accuracy (represented by positive predictive value (PPV), specificity, sensitivity, and negative predictive value (NPV)) are presented for each approach. This study used PPV as the accuracy indicator. The number of unique subjects with NS subtypes increased when the multi-modal approach was used while maintaining a high PPV. a bimodal approach to phenotyping (CDM and NLP) which have shown an increase in PPV values. 19 21 22 We realize that the application of a multi-modal strategy should be evaluated on a study-by-study basis with consideration given to the time and effort of developing tools, the number of subjects required to conduct a meaningful study, and the sources of available data. Utilizing a multi-modal strategy for identifying information that is not often reliably coded is an excellent use of resources when compared to the alternative manual abstraction method. Benefits of using automation over manual record abstraction are reuse and the portability of the electronic algorithms to other EHRs.
A second limitation is the lack of validation of a third mode (specifically, image documents containing handwritten notes) at other eMERGE institutions that implemented this algorithm. Results describing the benefits of applying a third mode are then localized to Marshfield Clinic. This does, however, demonstrate that algorithms developed with multiple phenotyping modes may do so in a way that modularizes each mode such that it can be removed from the algorithm if a replicating institution does not have the same information in their EHR.
A criticism of this study may be the use of a domain expert to identify features for model development in the CDM, NLP, and OCR approaches. Other studies have used logistic regression to identify attributes for CDM and NLP. Other machine learning techniques may also prove beneficial in classification tasks; however, the involvement of domain experts is the current standard in studies involving identification of research subjects or samples. The ophthalmology domain expert not only provided guidance on where to find the information, but also provided features that were representative and commonly used in Marshfield Clinic's ophthalmology practice. We believe that domain expert knowledge was critical to the success of this study, although introducing automatic classification in conjunction with a domain expert would be of interest in future research. Implementing the cataract algorithm at other eMERGE institutions required EHR domain knowledge rather than ophthalmology domain knowledge.
This study underscores a previously stated caution regarding the use of coded clinical data for research: just because a code exists in the code set does not guarantee that clinicians use it. Cataract subtype codes exist in ICD-9-CM coding, but as seen in figure 5 , fewer than half of the NS cases identified were coded as such. From a clinical standpoint, this is not surprising, because cataract subtype has little impact on either billing or clinical management. As a result of this study, the Marshfield ophthalmology specialty is considering workflows that will emphasize coded data capture of subtypes. Current documentation practices support ink-over-forms (figure 3). A hybrid approach utilizing ink-over-forms combined with coded data capture to document cataract subtypes could be developed. Although NLP and OCR are viable strategies for obtaining subtype information, utilizing CDM would be most cost-effective for obtaining cataract subtypes.
CONCLUSION
The utilization of ICD-9-CM codes and CPT codes for the identification of cataract cases and controls is generally accurate. This study demonstrated that phenotyping yield improves by using multiple strategies with a slight trade-off in accuracy, when compared to the results of a single strategy. Most EHRs capture similar types of data for patient care. Because of this, the portability of electronic phenotyping algorithms to other EHRs can be accomplished with minor changes to the algorithms. The decision to use a multi-modal strategy should be evaluated on an individualized study basis. Not all clinical conditions will require the multiple approaches that were applied to our study.
